This paper focuses on the general determinants of autocorrelation and the relationship between autocorrelation and volatility in particular. Using UK stock market index and individual stock price data, a multivariate generalized autoregressive conditional heteroskedasticity (M-GARCH) model is used to generate estimates of conditional autocorrelation. The covariance equation of this model is modified to include the potential determinants of autocorrelation including volatility, which is proxied using the time series of filtered probabilities of a Markov regime switching model. Consistent with the previous literature, this paper documents a negative relationship between volatility and autocorrelation. The results suggest that an asymmetry exists in this relationship which is attributed to the constraints placed on short selling.
Introduction
Despite the efforts of academic researchers, identifying the determinants of serial correlation in share prices has proven to be an elusive goal. Fama (1971) attributed the presence of autocorrelation to changes in the risk premia while Fisher (1966) and Scholes and Williams (1977) focused on explanations related to thin trading. The empirical evidence however, suggests that actual autocorrelation estimates are significantly greater than those implied by either of these factors (see Atchison, Butler and Simonds, 1987 , Conrad and Kaul, 1988 , 1989 , Lo and MacKinlay, 1988 , 1990 and Ogden, 1997 .
More recently, the presence of autocorrelation has been linked to the activities of "feedback" traders (see Sentana and Wadhwani, 1992) . Recognizing the existence of both positive and negative feedback traders in the market, the observed level of autocorrelation at any given point in time is a function of the relative strength of these two different classes of traders. Over time, this relative strength will change and with it, the level of autocorrelation.
For example, the arguments of Black (1988 Black ( , 1989 suggest that a positive relationship exists between volatility and the extent to which rational investors pursue positive feedback trading.
As autocorrelation is argued to reflect the activity of feedback traders, changes in volatility therefore have implications for the level of autocorrelation. Where negative return autocorrelation exists, volatility increases should serve to heighten the observed level of autocorrelation. On the other hand, where positive autocorrelation is evident, a rise in volatility should lessen the level of return autocorrelation. In support of this theory, a negative relationship between volatility and autocorrelation has been found in the literature (see inter alia Sentana and Wadhwani, 1992 , Koutmos, 1997 , and McKenzie and Faff, 2003 .
In testing the nature of the relationship between volatilty and autocorrelation, the previous literature has failed to recognise that heightened volatility may result from either an increase or a decrease in prices. In this paper, we argue this to be an important distinction.
To understand why, recall that positive feedback traders tend to follow market trends and buy (sell) in a rising (falling) market. Many stock markets, however, have placed outright bans on short trading or imposed regulations which make short trading unfeasible. 1 In those markets where short trading is allowed, it is typically subject to some form of regulation (such as up-tick and vesting rules) which adds to the cost of trading. Short positions are also frequently closely monitored by the exchange which inhibits the ability of an investor to trade where they wish to remain anonymous. Equivalent restrictions on long positions do not exist.
The restrictions which apply to short trading will curtail the ability of an investor to engage in positive feedback trading following an increase in volatility caused by a fall in prices. No such equivalent restrictions exist to curb the ability of an investor to engage in feedback trading following a volatility shift caused by a rise in prices. In the extreme case of a short trading ban, no positive feedback trading will take place following a volatility increase caused by a fall in prices. In this case, there will be no observable change in autocorrelation as there is no trading response to the volatility shift. Where restrictions on short sales exist, the trading response to a rise in volatility will be less when compared to the trading response following an equivalent increase in volatility caused by a rise in prices.
Thus, the change in the observed level of autocorrelation following a rise in volatility will be less where prices are falling compared to where prices are rising.
The restrictions imposed on short selling suggest the presence of an asymmetry in the relationship between volatility and autocorrelation. While our hypothesis applies equally to any stock market with restrictions on short selling, in this paper we will test our hypothesis using data sampled from the London Stock Exchange (LSE). While the UK does not have any regulations that are specifically designed to restrict short selling, its practice is limited to 1 For a survey of short selling arrangements in stock markets around the world see Bris, Goetzmann and Zhu only a small number of professional investors. 2 Establishing a short position involves a complex and costly transaction process, which generally requires the investor to secure vesting rights over the stock. Further, the UK government has specific taxation rules that apply to stock lending in equities. These practical limitations on short selling mean that it is more difficult and less profitable for investors to engage in feedback trading when the market is falling.
Our use of individual stock data sampled from the LSE contrasts with much of the previous literature which has focused on the US experience. These two markets operate under a very different trading systems as the NYSE is a quote-driven market in which market makers take the opposite side of every transaction. The LSE, however, is primarily an orderdriven market in which the public trades with each other via a centralized exchange.
Madhavan (2000) provides a concise survey of these differences and their implications for market outcomes. It is not necessarily obvious that the lessons learned in one market can be assumed to apply to the other (see Goodhart and O'Hara, 1997) . Thus, the use of LSE data in this paper allows us to provide empirical evidence on the determinants of autocorrelation for a different trading system to that which has been the focus of the previous literature.
One further contribution of our paper relates to the model we employ to test our hypothesis. A multivariate generalized autoregressive conditional heteroskedasticity (M-GARCH) model is specified in which the covariance equation contains a conditional autocorrelation variable that is a function of a number of factors including volatility, among others, which is proxied using a Markov switching model. As such, this paper overcomes a 2 For complete details on short selling in the UK see Financial Services Authority (2002), Short selling, Discussion Paper DP17, www.fsa.gov.uk/pubs/discussion/dp17.pdf. Details on short selling restrictions on the US market may be found in Alexander and Peterson (1999) .
potential endogeneity problem that has hampered previous studies in which the conditional variance from the GARCH model was used to generate the conditional autocorrelation series as well as to proxy for volatility (see McKenzie and Faff, 2003) .
The remainder of this paper is presented as follows. Section 2 details the M-GARCH model used to test the nature of the relationship between autocorrelation and its determinants.
The regime switching model that is used to generate the estimates of volatility for each stock is presented in Section 3. Section 4 introduces and describes the data to be tested. Following this discussion, M-GARCH model estimates are presented and the hypothesised asymmetric relationship between volatility and autocorrelation considered. Finally, Section 5 provides some concluding comments to our paper and summarises our findings.
Multivariate GARCH Model Estimates of Conditional Autocorrelation
Empirical estimates reveal that stock return autocorrelation is sample dependent and may exhibit sign reversals (see Chan, 1993, and Knif, Pynnönen and Luoma, 1996) which suggests that it is appropriate to model autocorrelation as a time-varying process. Following this lead, Sentana and Wadhwani (1992) , Koutmos (1997) and Booth and Koutmos (1998) generated conditional autocorrelation estimates whose temporal variation was driven solely by changes to the variance. One weakness of this model is the assumption of a constant covariance which potentially suppresses an important source of variation in autocorrelation.
In this paper, conditional autocorrelation estimates are generated using an M-GARCH model in which both the variance and covariance equations are time varying. Estimates of conditional autocorrelation may be generated where this M-GARCH model is fitted to that returns series (R 1t ) as well as its one day lagged values (R 2t ).
Specifically, the mean equation for each series is specified with a constant as well as day-of-the-week dummies, i. 
where I 1t is an indicator variable that takes one where e 1t-1 < 0, and zero otherwise. I 2t is similarly defined for e 2t-1 . This threshold term is designed to capture the asymmetric nature of volatility responses to positive and negative shocks to the market (see Bollerslev et al. 1994 ).
This approach to modeling variance asymmetry is first introduced in Glosten, Jagannathan, and Runkle (1993) and is referred to as GJR. In addition, Exponential GARCH (EGARCH) specifications were also tested. The results are qualitatively unchanged to those obtained using a GJR model and are available on request.
In addition to the variance equations, the covariance equation also needs to be specified and as has already been discussed, a conditional specification is adopted in which all elements are time varying:
where ρ t is the conditional return autocorrelations of an individual stock (or an Index) which is specified as:
The focus of this paper is on identifying the determinants of autocorrelation and as such, equation (4) may be augmented to include these variables, ie. 
where MRP3 t-1 (MRP4 t-1 ) is the time series of filtered Markov regime probabilities of return regime 3 (4) which corresponds to a negative (positive) return and high return volatility.
These terms and their derivation are explained more fully in section 2.2. AAP t-1 (AAN t-1 ) is a dummy variable that takes the value one if an above average positive (negative) return occurs.
LVM t-1 is the natural log of traded volume of stock or the index. Finally, EcoCycle t-1 is the economic cycle dummy that takes the value of one if business cycle is on a downward path, and zero otherwise. By augmenting the autocorrelation equation in this way, this paper avoids the two-step estimation procedure of McKenzie and Faff (2003) with resulting gains in estimation efficiency. Further, the use of Markov probabilities avoids the issue of endogeneity that occurs when the volatility proxy and the autocorrelation series are not independent.
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The arguments of Black (1988 Black ( , 1989 and the empirical evidence of Sentana and Wadhwani (1992) , Koutmos (1997) , Booth and Koutmos (1998) and McKenzie and Faff (2003) suggest that a negative relationship exists between volatility and autocorrelation. In terms of the model to be tested, c 1 and c 12 in equation (5) are expected to be negative in sign reflecting this relationship. A change in autocorrelation from a given rise in volatility however, is argued to be less where the underlying cause for the change in volatility is falling prices. Recognising this potential asymmetry in the context of the model, we conjecture that the coefficient associated with the high volatility/falling market scenario will be less than the coefficient estimated for the high volatility/rising market scenario, ie.⏐c 1 ⏐ < ⏐c 12 ⏐.
Markov Regime Shifting Models of Exchange Rate Volatility
The observed volatility clustering in high frequency return series may be explained by the existence of different regimes with different variances present in the data generating process.
These regimes can be modelled as a pure Markov switching variance process (see Turner, Starz and Nelson, 1989, and Kim, Nelson and Starz, 1998) . We use the Markov model of Bollen, Gray and Whaley (2000) to generate the regime probabilities which are interpreted as a proxy for volatility in that series. In this section, we outline the essential elements of this model and interested readers are directed to the original article for a more detailed discussion of this approach.
conditional variance from this GARCH model was used to proxy volatility and also appeared as the denominator in the autocorrelation estimate.
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The return r in period t is defined as:
where, MSP1 is the first order, two state Markov switching process that drives the return and has the transition probability of :
Depending on the state governed by MSP1 the mean return could be either ( )
The variance of the error term, e t , is driven by another first order, two state independent Markov switching process, MSP2 whose transition probability is:
Thus, the variance could be either ( ) Regime 3 = low mean (negative return) and high volatility; and Regime 4 = high mean (positive return) and high volatility. Using equations (7) and (8), the overall transition probability of the combined process can be written as:
Since the return generating process is conditionally normal, it is straightforward to write the conditional density function of the joint process given a state pair (a regime). We multiply the conditional densities for different states by the corresponding probabilities of the states and sum them to obtain the likelihood function. Next, we maximize the weighted likelihood function numerically with respect to the parameters of the model, which are ( )
, , , ,p ,q ,p ,q 
Data and Results
The data in this study consists of daily price and traded volume data for the FTSE100 market index as well as 20 individual stocks listed on the LSE (details of these stocks are available in the Table 1 ). These individual stocks collectively represent some of the best known, most keenly followed and most heavily traded shares on the LSE. This bias toward heavily traded stocks is intentional and important as it effectively controls for the induced autocorrelation that comes from thin trading. The data is sampled over a period beginning November 1986
to the end of September 2003 giving a total of 4140 daily observations.
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A lengthy sample period is chosen to allow a more complete exploration of the dynamic evolution of first order autocorrelation coefficients over time. These data were taken from Datastream and the price series were transformed to approximate continuously compounded returns. The UK business cycle data were obtained from the Economic Cycle Research Institute and indicates recessionary phases for the period May 1990 to March 1992.
Conditional and Unconditional Autocorrelation
Unconditional autocorrelation estimates are generated for each of our 20 stocks as well as the index and the results are presented in the third column of Table 1 . The market index exhibits significant autocorrelation, 0.0315, as do eight of the individual stocks. The highest observed level of autocorrelation is 0.0951 for Rio Tinto and the lowest significant level of autocorrelation is 0.0320 for Diageo. Of the 12 stocks which did not generate significant autocorrelation, it is possible that a relationship may exist at various points within the sample period and that this information is lost in the averaging process underlying the derivation of these standard estimates. To investigate this further, time varying autocorrelation estimates are generated using the M-GARCH model specified in equations (1) -(4). The estimated model coefficients and diagnostic properties of the residuals are not presented to conserve space and are available on request.
The final three columns of Table 1 Overall, a comparison of the point estimates of autocorrelation to the average conditional autocorrelation estimate reveals that these two techniques provide a similar degree of information about the general level of observed autocorrelation which is consistent with previous research on US stocks. The unconditional specification, however, omits important information about the variability of autocorrelation and is potentially misleading.
For example, the point autocorrelation estimate generated over the entire sample period was insignificant in the case of Cadbury Schweppes. Subperiod analysis however, revealed two distinct periods of significant positive and negative autocorrelation were present in the data.
This analysis of Cadbury Schweppes is representative of the rest of the sample insomuch as they all exhibited a high degree of variability as well as structural breaks and trends, which were able to be validated using point estimates of the sub-period analysis. It is an interesting empirical issue to consider the extent to which the observed variability in autocorrelation can be explained using economic factors and the remainder of this paper considers this importnat issue.
Markov Regime Switching Model Estimates of Volatility
The literature suggests that one of the primary determinants of autocorrelation is volatility.
In this paper, volatility proxies are generated using the Markov regime switching models as detailed in Section 3. Table 2 reports the estimated parameters of the four regime Markov models driven by the two independent Markov switching processes. The mean returns 1 2 , μ μ indicate negative and positive stock returns with respect to the twenty stocks and the FTSE.
The transition probabilities P μ and Q μ help us infer the persistence of these two different regimes. The high values of P μ relative to Q μ , for all the stocks, except for BOC Group and the FTSE, indicate that that the probability of encountering negative return period is very high during the sample period analyzed. Similarly, the probability of encountering positive return dollar period is quite low. The two estimated variance parameters suggest different levels of variances in the two regimes. The higher variance is bigger by a factor ranging from about three to seven compared to the variance in the low-variance regime. This is similar to results reported in Bollen, Gray and Whaley (2000) . The transition probabilities for the variance regimes suggest that in all cases stocks have high propensity to stay in a particular variance regime once it is in that regime. Bollen, Gray and Whaley (2000) explores this particular finding in the context of currency option pricing.
To provide a feel for these regime probabilities, Figure 2 presents a representative plot of these four regime states for the FTSE where regime 1 = negative returns and low volatility, regime 2 = positive return and low volatility, regime 3 = negative returns and high volatility, and regime 4 = positive returns and high volatility. These probability plots are typical of the Markov model results for each of the stocks included in the sample. These coefficients reveal that the probability of the market being in one of the two low volatility states is high most of the time. Quite sharp and sudden reversals of these probabilities can be seen however, suggesting that these tranquil periods are interspersed with a number of high volatility episodes, which is consistent with the volatility clustering phenomena. For these FTSE probabilities, the correlation between regime 1 and 2 (1 and 4) is -0.2107 (-0.3258) while the correlation between regime 2 and regime 3 (2 and 4) is -0.7277 (-0.7111). The two high volatility regimes exhibit a positive association with a correlation between regime 3 and 4 of 0.6711.
The Determinants of Autocorrelation
To test the determinants of autocorrelation, the bivariate GARCH model summarised in equations (1) - (3) and (5) is fitted to the data, where MRP3 and MRP4 correspond to Markov Regime Probability (MRP) 3 and 4 respectively. In addition to volatility, other determinants of autocorrelation are also considered which have been found in the previous literature to be important. These are trading volume, the business cycle, above average returns and the dayof-the-week, which are also included in the autocorrelation equation.
Tables 3 and 4 present the estimated coefficients for the M-GARCH model fitted to the market index as well as the individual stocks. In terms of the ARCH and GARCH coefficients, all of the estimates are significant at 5% except for the GARCH (β e11 ) term in the model fitted to the returns for BOC, which are significant at 10%. The threshold terms (β e12, β e22 ) capture the presence of asymmetry in the volatility response to shocks to the market. It is shown that β e12 is significant at least at 5% in all cases, whereas β e22 is significant in only two cases. Of the day-of-the-week dummy variables in the volatility equation, all were negative and the Monday dummy is significant at 1% for the index. For the individual stocks, the coefficient for the Monday dummy variable, β 1MON , is negative for that volatility on Mondays is significantly less than that typically observed on a Fridays (the omitted case). For the other days of the week, the results are more mixed. The Tuesday coefficient is negative for six stocks and significant in three of those cases while 11 of the 14 positive coefficients were significant. The Wednesday coefficient generated an even mix of ten positive (five significant) and ten negative coefficients (six significant). Two significant and negative coefficients and 18 positive coefficients (17 of which are significant) were generated for the Thursday dummy variable. Overall, there is certainly evidence of day-ofthe-week effects in the volatility of these stock returns series. Most notably, Monday and Thursday exhibit clear evidence of lower and higher volatility respectively compared to the base case of Friday.
The last four rows of Panel A of Table 3 and 4 present the Ljung Box test of white noise for the estimated standardized residuals,
The test results reveal there is evidence of first moment serial correlation but the second moment dependencies are eliminated in most cases. To address any potential concerns over these diagnostics, we tested different functional forms for each of the 21 return series. Specifically, we tested alternative lag structures of the M-GARCH models and the number of lagged dependent variables included in the mean equations, and found that the results of the conditional autocorrelation equation (4) estimations remain robust. Thus, we report the results for the parsimonious models and note that any conclusions we draw are not dependent on the model specification.
The arguments of Black (1988 Black ( , 1989 ) suggest a negative relationship between volatility and autocorrelation. This relationship has been verified in the empirical literature by papers such as Mckenzie and Faff (2003) . Changes in volatility, however, may be caused by either rising or falling prices and we argue this to be an important distinction which the previous literature has failed to consider. Our hypothesis is that the change in autocorrelation from a given rise in volatility will be less where the underlying cause for the change in volatility is falling prices due to short sales restrictions. The specification of the covariance equation in the MGARCH model presented in Tables 3 and 4 includes a These results suggest that autocorrelation on these three days tends to be lower than autocorrelation evidence on Fridays which is the omitted case. When compared to the previous literature, these results are broadly consistent with those found for US stocks which trade under a very different platform.
Conclusion
The presence of serial correlation in security prices has important implications for market efficiency and trading strategies. Despite this importance, however, little is known about the determinants of autocorrelation. The purpose of this paper is to build on the nascent literature which has considered the determinants of autocorrelation. The method specified in this paper overcomes a number of problems which have impacted on the previous literature in terms of the dynamics driving the variation in the autocorrelation estimates, possible problems related to the endogeneity of the variables tested, and the efficiency of the estimation procedure.
Consistent with the previous literature, this paper finds evidence of a relationship between autocorrelation and volatility, above average returns, traded volume, the business cycle and the day-of-the-week.
The main contribution of this paper is the identification of an asymmetry in the relationship between volatility and autocorrelation. Distinguishing between increases in volatility caused by a rise in prices and a fall in prices, the estimation results document a greater change in autocorrelation where the increase in volatility is caused by a rise in prices.
This asymmetry is argued to be the result of short sales restrictions that limit the ability of investors to profit in a falling market. The difference between quote and order driven markets does not appear to impact on the known determinants of autocorrelation as our results are similar to those for the US. The implication of our study is that when modelling autocorrelation, the relationships may be more complex than has been previously documented.
In this paper, we find that the nature of the relationship between autocorrelation and volatility has an asymmetry which is linked to short selling. This has important implications for policy with respect to trading rules which may impact on the market dynamics in unexpected ways. In the context of our work, controls on short selling appears to have an impact on the intertemporal characteristics of the market. Further work is needed in this area to attempt to uncover other determinants of autocorrelation paying special attention to the nature of the relationship as it is not obvious that simple linear determinism can be assumed. This figure presents a plot of the conditional autocorrelation estimate for Cadbury Schweppes estimated using a multivariate GARCH model as summarised in equations (1) - (4).
Figure 2
Markov Regime Switching Probabilities for the FTSE Market Index
Regime 1: Negative returns and low volatility 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 Regime 3: Negative returns and high volatility 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 Regime 2: Positive returns and low volatility 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 Regime 4: Positive returns and high volatility 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 
Table 1 Conditional and Unconditional Autocorrelation Estimate Summary
This table presents unconditional autocorrelation (ρ i ) estimates obtained using the regression equation r i t = μ 0 + ρ r i t-1 + ε t for U.K. market and individual stock returns data sampled over the period October, 1986 to September, 2003 . The mean, maximum and minimum conditional autocorrelation (ρ it ) estimate generated by a bivariate GARCH model for these same series is provided in the final three columns. Note : *,** = significant at the 5 and 1 percent level, respectively. Note : *,** = significant at the 5 and 1 percent level, respectively.
(1) (2) Ljung-Box test of white noise for the estimated standardized residuals from the model, / t t t z e h = and squared (z t )
